The Marcellus Shale is considered to be the largest unconventional shale-gas resource in the United States. Two critical factors for unconventional shale reservoirs are the response of a unit to hydraulic fracture stimulation and gas content. The fracture attributes reflect the geomechanical properties of the rocks, which are partly related to rock mineralogy. The natural gas content of a shale reservoir rock is strongly linked to organic matter content, measured by total organic carbon (TOC). A mudstone lithofacies is a vertically and laterally continuous zone with similar mineral composition, rock geomechanical properties, and TOC content. Core, log, and seismic data were used to build a three-dimensional (3-D) mudrock lithofacies model from core to wells and, finally, to regional scale. An artificial neural network was used for lithofacies prediction. Eight petrophysical parameters derived from conventional logs were determined as critical inputs. Advanced logs, such as pulsed neutron spectroscopy, with log-determined mineral composition and TOC data were used to improve and confirm the quantitative relationship between conventional logs and lithofacies. Sequential indicator simulation performed well for 3-D modeling of Marcellus Shale lithofacies. The interplay of dilution by terrigenous detritus, organic matter productivity, and organic matter preservation and decomposition affected the distribution of Marcellus Shale lithofacies distribution, which may be attributed to water depth and the distance to shoreline. The trend of normalized average gas production rate from horizontal wells supported our approach to modeling Marcellus Shale lithofacies. The proposed 3-D
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INTRODUCTION
In the last 10 yr, tremendous progress has been made in the exploration and development of unconventional gas worldwide, especially in North America. The application of horizontal drilling and hydraulic fracture stimulation technologies provides economic gas flow from extremely low porosity and permeability reservoirs. However, geologic studies of lithofacies, as a basic property of reservoirs, aid in optimizing the design of horizontal wells and stimulation strategies in unconventional reservoirs. Lithofacies research historically focused on sandstone and carbonate reservoirs, including lithofacies classification and description from core data and outcrops (e.g., Bridge et al., 2000; Porta et al., 2002) , lithofacies prediction by wireline logs and seismic volumes (e.g., Berteig et al., 1985; Wong et al., 1995; Chang et al., 2000; Yao and Chopra, 2000; Qi and Carr, 2006; Dubois et al., 2007) , lithofacies modeling in two and three dimensions (e.g., Akatsuka, 2000; Qi et al., 2007) , and the relationships of lithofacies with reservoir properties (e.g., Doyle and Sweet, 1995; Akatsuka, 2000) . Mudstone lithofacies research is just at the beginning (Javadpour, 2009; Curtis et al., 2010; Aplin and Macquaker, 2011; Loucks et al., 2012) and primarily focused on the classification and description from core and outcrop observations (Hickey and Henk, 2007; Singh, 2008; Walker-Milani, 2011; Zhou et al., 2012) . To date, there are few studies on the prediction of shale lithofacies based on petrophysical and geophysical data (Perez, 2009; Vallejo, 2010; Koesoemadinata et al., 2011; Jonk et al., 2012) and little research concerning modeling of mudrock lithofacies.
Generation of a mudrock lithofacies model or distribution pattern can aid in the recognition of organic-rich and relatively brittle stratigraphic horizons, which are important parameters in maximizing shale-gas production rates (Bowker, 2007; Wang and Carr, 2012a, b) . More organic-rich intervals contain higher concentrations of natural gas, and brittle horizons tend to be amenable to fracture stimulation. Indeed, the mineral composition of a stratigraphic horizon exerts a strong control on rock geomechanical properties. Specifically, elevated concentrations of quartz and carbonate minerals improve the brittleness of mudrock, whereas concentration of clay minerals increases mudrock ductility (Jarvie et al., 2007; Mavko, 2010) . Lithofacies are a product of depositional composition and diagenesis and can provide a valuable framework for understanding the correlation between mechanical stratigraphy and fracture attributes (e.g., Laubach et al., 2009) . Mineralogy can affect porosity and pore structure with an impact on permeability and the potential ratio of free to absorbed gas in mudstone reservoirs . Our analysis of wireline-log signatures and seismic data permits the recognition of seven mudrock lithofacies of the Marcellus Shale. The various lithofacies reflect variations of mineral composition and organic matter richness. The Marcellus Shale lithofacies, first recognized at the core scale, can be predicted from conventional logs using artificial neural network (ANN). Petrophysical analysis is used to derive input variables for ANN classifiers. The logpredicted lithofacies provides a large number of constraint points in building three-dimensional (3-D) lithofacies models. Geostatistical reservoir modeling is used to reconcile available hard and soft data in a numerical model, providing an overall understanding of reservoirs (Deutsch, 2002) . Our main objective is to provide a quantitative geologic framework for unconventional exploration and development decisions to maximize productivity. We use the Marcellus Shale 3-D lithofacies model to (1) investigate the distribution of each lithofacies at a basin scale, (2) develop a better understanding of the factors controlling the deposition and preservation of organic matter and the depositional model of marine organic-rich mudrock, (3) identify organic-rich and brittle units in shale-gas reservoirs at scales from an individual well to basin, (4) assist in the design of horizontal drilling trajectories and location of stimulation activity, and (5) provide input parameters for the characterization that allows the simulation of gas flow and production in mudrock (e.g., porosity, permeability, and fractures).
For the Marcellus Shale in the Appalachian Basin, we propose methods to better identify the critical geologic parameters to focus on horizontal drilling and stimulation strategies. By investigating the distribution pattern of black mudstone lithofacies laterally and vertically, we hope to better understand black mudstone deposition at the basin scale.
GEOLOGIC SETTING
The Paleozoic history of the Appalachian Basin consists of three orogenic events induced by collisions between the North American plate (Laurentia) and the eastern oceanic crust, converting the region from a passive margin during the Ordovician to a foreland basin and a narrow seaway (U.S. Geological Survey, 2004; Marshak, 2010) . At various periods, the basin was the site of restricted circulation and accumulation of organic-rich units (e.g., Utica-Point Pleasant and Marcellus). The Acadian orogeny, beginning in the Middle Devonian, resulted in subsidence near the Acadian mountains and uplift on the opposite side caused by the flexural deformation (Marshak, 2010) . During the Middle and Late Devonian, the Appalachian foreland basin was bounded by the developing Acadian mountains on the east and south, the Cincinnati arch on the west, and the Old Red Sandstone continent to the north, and was connected to the Theic ocean by a long and narrow seaway in the southwest, forming a nearly enclosed epicontinental sea (Ettensohn and Barron, 1981a; Gao et al., 2000) . Tectonic loading stemming from this event coupled with eustatic sea level rise terminated shallow-shelf carbonate deposition during the Early Devonian and led to the accumulation of several organic-rich shale units, including the Marcellus Shale.
The Marcellus Shale of the Appalachian Basin is one of the most active and successful shale-gas reservoirs in the world. Annual natural gas production from the Marcellus in 2012 has grown from less than 100 mmcf in 2004 to more than 2 tcf.
In addition, the annual production of natural gas liquids while constrained by infrastructure is approximately 2 million bbl. The Marcellus Shale  covers most parts of the basin with an area approximately 500,000 km  2 (191,000 (VerStraeten, 2007) . The Acadian mountains may have blocked easterly trade winds that carried moisture from the eastern ocean, creating a rain shadow effect on the western side of the mountains (Ettensohn and Barron, 1981b; Woodrow and Sevon, 1985) . The paleoclimate was believed to have been hot with seasonally restricted rainfall and occasional large storms (Woodrow and Sevon, 1985; Werne et al., 2002) . The primary formations deposited during the Middle Devonian include the Onondaga Limestone, Marcellus Shale, Mahantango Formation, and Tully Limestone, from oldest to youngest (Figure 2) . Most of the Middle Devonian organicrich mudrock is located in the Marcellus Shale, with a few organic-rich units in the Mahantango Formation in New York State (Brett and Baird, 1996) . The Marcellus Shale is believed to have been deposited over a span of 2 m.y. (7-8 m.y. for the whole Hamilton Group and Tully Limestone) in a relatively deep and anoxic water (~200 m [656 ft]) (Brett and Baird, 1996) . However, others have suggested shallow depths for the deposition of the Marcellus and organic-rich shale units in the Appalachian Basin (e.g., Smith, 2010) .
AVAILABLE DATA
The primary available data consist of limited core data, abundant wireline logs, two 3-D seismic volumes, and Marcellus Shale production data. Eighteen wells with core data were accessible and include scanned core pictures, thin sections, and x-ray diffraction (XRD) and geochemical analyses data (primarily TOC content and Rock-Eval pyrolysis). All cored wells were located in southwestern Pennsylvania and northern West Virginia (Figure 1 ). We assembled approximately 3880 wells with wireline logs in digital or raster format: All wells had gammaray logs and were used to correlate formation tops; more than 700 well-log suites include five conventional logs used in this study to classify mudrock lithofacies (i.e., gamma ray, density, neutron, photoelectric factor, and deep resistivity); log suites of 17 wells include pulsed neutron spectroscopy (PNS) logs capable of providing approximate mineral percentage and TOC content; and 80 wells had spectral gamma-ray logs used to estimate uranium content. The two 3-D seismic volumes covered a total area of 518 km 2 (200 mi 2 ) in Greene County, Pennsylvania, and Taylor County, West Virginia. All available production data for all wells producing from the Marcellus were compiled and updated to December 2011 (production data are from the Department of Environmental Protection in West Virginia and Pennsylvania). , the location of more than 3880 wells with wireline logs, and core data. Wells with conventional logs are gray circles; wells with core x-ray diffraction and total organic carbon data are green-filled circles; wells with pulsed neutron spectroscopy logs are red-filled triangles; and wells with both core and pulsed neutron spectroscopy logs are blue-filled circles with triangles. The blue-filled areas are outcrops of Marcellus Shale. XRD = x-ray diffraction; TOC = total organic carbon; PNS = pulsed neutron spectroscopy.
METHODOLOGY
The integrated method of mudrock lithofacies modeling used in this study includes (1) classifying lithofacies based on limited available core data, (2) classifying lithofacies with wireline logs at the well-scale, and (3) building a 3-D lithofacies model or two-dimensional map of lithofacies distribution. Core XRD and TOC data from 18 wells were evaluated statistically and used to define Marcellus Shale lithofacies in terms of two key factors for shale-gas reservoirs: mineralogy and organic matter richness (Wang and Carr, 2012a, b, c) . Three primary criteria derived from XRD and TOC data were used to classify black mudrock lithofacies quantitatively: clay percentage, ratio of quartz to carbonate (RQC), and TOC content. The Marcellus Shale lithofacies were correlated with wirelinelog information (Wang and Carr, 2012a, b, c) . The PNS logs calibrated to core data provide mineral percentage and TOC content and were used to classify Marcellus Shale lithofacies following the three criteria developed from the core. The PNSdefined mudrock lithofacies calibrated to the XRDdefined lithofacies provide the training data set that was used to classify lithofacies from conventional logs for the prediction of all available wells with the suite of five selected conventional logs. Artificial neural network was the preferred quantitative method to build the relationship between Marcellus Shale lithofacies defined by core and PNS logs to the suite of conventional logs. A single ANN with seven output nodes (the number of defined lithofacies) and a modular ANN were built and trained to predict Marcellus Shale lithofacies at the well scale.
A 3-D structural model of major units was constructed to cover the Appalachian Basin and the Middle Devonian formations (Figures 1, 2) to provide a framework for the 3-D lithofacies model. Unit boundaries from the available log database of 3880 wells were used to interpret the corresponding structure maps in the Appalachian Basin. With regard to the tectonic pattern in the Appalachian Basin, regional faults were identified and interpreted through recognized fault points in wireline logs, abnormal changes in thickness from preliminarily interpreted structure maps, and the 3-D seismic volumes and attributes. The interpreted unit boundaries, faults, and resulting structure maps were incorporated into a 3-D structural model with fault model, horizons (formation structure), and zones. The log-predicted Marcellus Shale lithofacies were upscaled and assigned to the cells that were penetrated by the wells. A geostatistical analysis was conducted to investigate and summarize the lateral lithofacies distribution pattern and geometry that were described by variograms for each Marcellus Shale lithofacies (Qi et al., 2007) . Deterministic methods (e.g., kriging) and stochastic methods (e.g., sequence indicator simulation, truncated Gaussian simulation (TGS), multiple-point statistics, and the object-based method) were used to construct the 3-D lithofacies models (Falivene et al., 2006; Schlumberger, 2011) . Cross sections, surface maps, and isopach maps of each lithofacies were used to observe and visualize the lateral and vertical spatial distributions of Marcellus Shale lithofacies. Production data of Marcellus wells in the Appalachian Basin were overlain on lithofacies maps to evaluate regional production rate trends. A detailed workflow integrating core data, PNS logs, conventional logs, seismic data, and regional geologic knowledge was constructed to generate a black mudstone lithofacies 3-D model (Figure 3 ).
MARCELLUS SHALE LITHOFACIES
The original definition of lithofacies is the sum of all the lithologic features in sedimentary rocks, including texture, color, stratification, structure, components, and grain-size distribution (Teichert, 1958) . Lithofacies (or facies) in sandstone and carbonate systems have been important in our understanding of depositional environments, hydrodynamic conditions, and reservoir properties. For example, the rock texture, stratification, and grain-size distribution can differentiate channel sands from floodplain siltstone, which is significant because of the distinct differences in depositional porosity and permeability. In addition, the depositional environment assists geologists and reservoir engineers in understanding and predicting the heterogeneity and connectivity of reservoirs, which can seriously affect hydrocarbon productivity in the conventional reservoirs. However, shale-gas and oil-shale mudrock reservoirs show variation of porosity, permeability, and connectivity at much different scales than conventional reservoirs. At the wellbore to Figure 3 . The workflow used in this study showing the methodology to integrate core data, pulsed neutron spectroscopy logs, conventional logs, and seismic data and regional geologic knowledge to construct a three-dimensional (3-D) mudrock lithofacies model for the Marcellus Shale of the Appalachian Basin. GR = gamma-ray log; PE = photoelectric factor log; XRD = x-ray diffraction; TOC = total organic carbon; PNS = pulsed neutron spectroscopy; RHOB = density log.
regional scales, the critical heterogeneity in unconventional mudrock reservoirs is variation in mineral composition and organic content instead of porosity, permeability, and water saturation (Boyce and Carr, 2010; Wang and Carr, 2012a, b, c) . Our approach entails the integration and calibration of widely available conventional well logs with core and PNS logs to define and classify mudrock lithofacies by mineral composition and organic matter richness. This approach is important to (1) recognize organic-rich and brittle mudrock facies; (2) access the large available database of well logs to understand the depositional environments and hydrodynamic conditions of mudrock at a regional scale; (3) replace the small variation of rock texture, stratification, grain size, and color by mineral composition and organic matter richness for lithofacies classification; and (4) avoid the use of traditional lithofacies parameters such as rock texture, stratification, structure, and color, which are not easily recognized with conventional wireline logs and seismic data. To keep subsurface lithofacies models meaningful, predictable, and mappable, core and outcrop, although important, are insufficient , and subsurface geologists and engineers have to incorporate wireline logs and seismic data. We propose a method specific to the Marcellus Shale concerning the definition and classification of lithofacies that may have broader application to other unconventional mudrock reservoirs.
Based on XRD analyses from 195 samples in 18 wells (Figures 1, 4A ), the most abundant minerals in the Marcellus Shale are quartz and illite, averaging 35% and 25% by volume, respectively. Variable volumes of chlorite, pyrite, calcite, dolomite, and plagioclase are next in abundance, followed by K-feldspar, kaolinite, mixed-layer illitesmectite, and apatite. Based on cuts of the same samples run for XRD, the average TOC content is greater than 5% by weight, ranging up to 20%. The variable mineral composition of the Marcellus Shale leads to differences in geomechanical properties that should be considered in the placement and design of hydraulic fracture stimulations. We have categorized the primary minerals into three groups, which are readily displayed on a ternary plot (Figures 4A, 5) : quartz (quartz, feldspar), carbonate (calcite, dolomite), and clay (all clay minerals). Most Marcellus samples contain less than 20% carbonate. Furthermore, TOC content tends to covary positively with quartz content ( Figure 4B ). Based on the distribution of samples on the various plots, three criteria were used to define lithofacies: clay concentration, RQC, and TOC content. Mudrock samples for which clay greater than 40% are classified as clay rich (the gray area of Figure 4A ); if clay is less than 40%, and RQC is greater than 3, shale is classified as quartz rich (the yellow area of Figure 4A ); mudrock with an RQC of less than 1/3 is considered as carbonate rich (the blue area of Figure 4A ); and shale with RQC between 1/3 and 3 is categorized as a mixture of quartz and carbonate (the pink area of Figure 4A ). Based on the observed distribution of samples, a TOC cutoff of 6.5% is used to classify the mudrock as organic rich or organic lean. It indicates that each of the four parts of the ternary plot is broken into two groups, with the exception of carbonate-rich lithofacies (blue area of Figure 4A ). None of the carbonate-rich samples possesses a TOC greater than 6.5%. Our seven mudrock lithofacies of the Marcellus Shale include organic siliceous shale (OSS), organic mixed shale (OMS), organic mudstone (OMD), gray siliceous shale (GSS), gray mixed shale (GMS), gray mudstone (GMD), and carbonate (CARB) ( Table 1) .
PULSED NEUTRON SPECTROSCOPY LOG CALIBRATED TO CORE ANALYSIS DATA
The PNS logging tools, measuring gamma-ray spectra at specific energy levels, can accurately determine the primary mineral concentration and other components (e.g., kerogen and barite in organicrich shale). The PNS log provides a very good estimate of mineral composition but a less constrained interpretation of TOC content. Four linear equations were fitted to normalize mineral concentration and TOC content from PNS measurement to core measurement (Wang and Carr, 2012a, c) . On a ternary plot, the PNS-evaluated mineral percentage and TOC content shows a very similar distribution pattern compared to the plot using core XRD and TOC data (cf. Figures 4A, 5 ). This approach enables one to recognize Marcellus Shale lithofacies for those wells that include PNS logs ( Figure 6 ). Both the PNS-defined lithofacies and the core-defined lithofacies can be calibrated to the conventional logs for predicting shale lithofacies in all logged wells. Although pulsed neutron spectroscopy logs measure elemental abundance and not direct mineral and TOC abundances, leading to a level of uncertainty and errors that are commonly minimized by calibration to core data, they have three advantages: (1) core data, because of cost constraints, are commonly limited in the density of sampling and distribution to a much smaller number of wells than PNS and conventional logs; (2) PNS logs provide much more training data points than core data (e.g., 1538 vs. 182 in this study); and (3) because the sampling density is at a set footage, sampling bias is negligible for PNS logs, but in core data, this could be significantly (e.g., relative under sampling of carbonaterich beds and oversampling of organic-rich shale in core from this study) serious in some cases.
SHALE LITHOFACIES RECOGNITION BY NEURAL NETWORK
The prediction of lithofacies by conventional logs extends the lithofacies from core scale (centimeter or inch) to well scale (meter or foot) to the regional Figure 5 . The ternary plot using the mineralogy determined from pulsed neutron spectroscopy logs, showing the similar distribution pattern of mineral composition and total organic carbon content in core data and pulsed neutron spectroscopy logs. Yellow area = quartz rich; gray area = clay rich; blue area = carbonate rich; pink area = mixture of quartz and carbonate; TOC = total organic carbon.
scale (kilometer or mile), making a shale lithofacies mappable. High precision of lithofacies prediction forms the foundation for building a reliable lithofacies model at the scale of interest. It is a challenging and complex task to calibrate conventional logs to core or core-defined lithofacies. Artificial neural network, one means of dealing with complex nonlinear problems, has been successfully applied to lithofacies prediction in sandstone and carbonate reservoirs (Chang et al., 2000; Qi and Carr, 2006) . Artificial neural network is very flexible in the design of learning algorithm, determining network architecture, selecting sensitive input variables, and adapting codes for special issues (Wang and Carr, 2012b, c) .
Two kinds of ANN classifiers were developed to predict lithofacies: a single ANN classifier with seven output nodes and a modular ANN classifier consisting of 21 binary ANN classifiers. Both the single ANN classifier and the modular ANN classifier have their own strength and weakness. The single ANN classifier is more effective when the amount of training samples is small; on the contrary, the modular ANN classifier, which decomposes the multiclass classification problem into several binary classification problems, is more powerful when there are many training samples. Thus, the single ANN classifier with two hidden layers was used to train the core data set, whereas the modular ANN classifier was trained by the PNS-log data set. Both ANN classifiers were used to predict lithofacies in wells accompanied by conventional logs, thereby providing an opportunity to verify the quality of lithofacies prediction by two different data Figure 1 ).OSS = organic siliceous shale; OMS = organic mixed shale; OMD = organic mudstone; GSS = gray siliceous shale; GMS = gray mixed shale; GMD = gray mudstone; CARB = carbonate interval; TOC = total organic carbon; GR = gamma ray; HCAL = caliper. Figure 7 . Example of a Middle Devonian well section from the Appalachian Basin, showing the two predicted lithofacies curves using core data and pulsed neutron spectroscopy (PNS) logs as training data sets for conventional well logs (location of well 6 shown in Figure 1 ). The two predicted lithofacies curves are similar with slight differences. Lithofacies coded as organic siliceous shale (OSS), red; organic mixed shale (OMS), dark blue; organic mudstone (OMD), brown; gray siliceous shale (GSS), orange; gray mixed shale (GMS), green; gray mudstone (GMD), gray; and carbonate (CARB), light blue. GR = gamma ray.
sets. Therefore, we produced two predicted lithofacies curves using conventional well logs in each well (Figure 7) . Although a variation exists between the core-derived and the log-derived predicted facies, these are attributed primarily to sampling differences; both lithofacies curves were upscaled and extrapolated to build the lithofacies model.
THREE-DIMENSIONAL STRUCTURAL AND STRATIGRAPHIC MODEL OF THE MIDDLE DEVONIAN
To constrain and improve the areal lithofacies modeling, we mapped stratigraphic tops and major faults across the Appalachian Basin. Several reverse (or thrust) faults and the related strike-slip faults have been recognized and related to tectonic compressional deformation during the Alleghenian orogeny and Mesozoic rifting (U.S. Geological Survey, 2004). We interpret additional faults based on (1) fault planes recognized in well logs, (2) abrupt changes in structure contours, and (3) lateral variation of seismic signals (Figure 8 ). Reverse faults were identified through formation repeats observed in well logs ( Figure 9A ) or an abrupt thickening of units observed in well logs and isopach maps ( Figures 9B,  C) . The structure contour maps constructed from formation tops highlight abrupt changes of isopach in map view (Figure 10 ). The high density of wells with log data reduced the uncertainty of fault location and strike, although the determination of dip remained difficult. Even covering small areas compared to the whole Appalachian Basin, the two 3-D seismic data sets support the recognition of regional faults from log data and the estimation of fault dips (Figure 8 ). Seismic amplitude, variation attribute, and local azimuth attribute in section and time slice clearly define the presence of reverse and strike-slip faults.
A large number of reverse and strike-slip faults were interpreted from well logs and 3-D seismic data, and approximately 30 regional faults were built into the 3-D structural model. Faults are very common in the northeast of the Appalachian Basin, with two boundary faults in Pennsylvania and West Virginia. According to the available seismic sections (Figure 8 ), the dip angle is higher for reverse faults dipping to the northwest than those dipping to the southeast. Thus, for the 3-D structural model, the dip angle was arbitrarily set to 75°t o the west or 65°to the east for reverse faults and approximately 90°for strike-slip faults.
Formation tops for the Tully Limestone, Mahantango Formation, Marcellus Shale, Purcell Limestone, and Onondaga Limestone were picked in 3880 wells. Marcellus tops were used to generate a preliminary structure contour map ( Figure 10A ). The structure contour of the Marcellus top was modified with the faults model to construct a 3-D surface that better represented the present structure of the Marcellus Shale and related formations. In areas with sparse well control or absence of seismic data, the structure on the Marcellus and related units along with fault geometry could not be determined with confidence. In these areas, it is more effective to construct the structural model using isopach maps and the Marcellus topology as a reference surface. The isopach maps were interpreted from the picked tops and corrected by removing contouring artifacts in the areas without well control (Figure 11 ).
GEOSTATISTICAL ANALYSIS OF MARCELLUS SHALE LITHOFACIES
To model the lithofacies in 3-D grids, it is essential to extrapolate lithofacies type from wells to areas of low well control. Three-dimensional seismic data provide information at the spacing of the stacked seismic bins (tens of meters) between wells with logs and core. We investigated and defined the trends in the vertical and lateral distribution of lithofacies based on knowledge developed to understand the geologic setting, depositional environment, sequence stratigraphy, and geostatistical analysis constrained by the predicted lithofacies from conventional well logs (e.g., Brett and Baird, 1996; Lash, 2008; Boyce and Carr, 2010; Lash and Engelder, 2011) .
The accumulation of organic matter is controlled by photosynthetic production, rate of organic matter decomposition in the water column and sediments, and detrital sediment dilution (Sageman et al., 2003; Carr et al., 2011) . The conditions for the accumulation of organic-rich shales such as the Marcellus are very complex, but sufficient water depth and distance to the sediment source influence shale lithofacies distribution (e.g., Suess, 1980; Ibach, 1982; Aplin and Macquaker, 2011) . The isopach maps of the Onondaga Limestone, Union Springs Member, Purcell Limestone, and Oatka Creek Member and the strike of the regional reverse faults indicate that the deposition shelf took a shape of a crescent with a major northnorthwest component, as indicated by the isopach maps of the Onondaga Limestone and Tully Limestone ( Figure 11) . As a result, to follow the isopach trends, we set the major direction of geostatistical ellipse to 40°for the 3-D geologic modeling of Marcellus Shale lithofacies. In the vertical direction, the proportion of organic siliceous shale decreases upward with a clear increase of gray mudstone in the Oatka Creek Member and is attributed to the progradation and fall in relative sea level ( Figure 12A ) (Lash and Engelder, 2011) . In addition to organic-rich facies, the observed vertical variation of shale lithofacies increases from the Union Springs Member to the Oatka Creek Member ( Figure 12B) .
The variogram is a simplified representation of a lithofacies distribution pattern. We analyzed and created different variograms for each Marcellus Shale lithofacies in the Oatka Creek Member and Union Springs Member (Figure 13 ). The variograms developed for the vertical distribution of lithofacies were applied to control the spatial extrapolation of Marcellus Shale lithofacies in both deterministic and stochastic methods.
THREE-DIMENSIONAL LITHOFACIES MODELING
Establishment of quantitative measures of spatial correlation is an essential challenge and one of the major benefits of the development of a geostatistical lithofacies model (Deutsch, 2002) . The quantitative measure of lithofacies in three dimensions provides a method to present detailed spatial variations to evaluate geologic uncertainty, combine soft and hard data at various scales, and prepare geologic models for flow simulation. Deterministic and stochastic approaches are the two main modeling algorithms. The stochastic approach is commonly subdivided into cell-based (or pixelbased) and object-based modeling for categorical variables (e.g., lithofacies). Typically, object-based methods are applied when the facies appear to follow clear geometric patterns, such as fluvial channels (Haldorsen and Chang, 1986; Deutsch, 2002; Falivene et al., 2006; Schlumberger, 2011) and carbonate shoal facies (Qi et al., 2007) . In contrast, the cell-based methods are preferred in geologic settings with unclear facies geometries. Cell-based methods provide good reproduction of local data, easily generated variogram models, and simple incorporation of soft data (Deutsch, 2002) . As the shale lithofacies in the Marcellus Shale do not present clear geometric shapes, we used the cellbased methods as the main stochastic approaches. In addition, we applied various deterministic approaches including kriging. Kriging produced repeatable results that honored local data and is the preferred approach in areas of abundant hard and soft data.
Three common algorithms for the analysis of categorical variables were investigated and compared using a geocellular model: indicator kriging, TGS, and sequential indicator simulation (SIS) (Figure 14) . The upscaled lithofacies and the experimental variograms and vertical proportions derived from upscaled lithofacies are the primary inputs for all three algorithms. Seismic attributes and surface trend or 3-D trend of lithofacies, if available in local areas, were used as soft data constraints such as stratigraphic and structural boundaries to guide the lithofacies modeling. Indicator kriging is the primary deterministic approach used for lithofacies modeling and works well with highdensity data to avoid overinterpretation of available data. Indicator kriging generated broad regional trends with sharp boundaries among lithofacies that ignored numerous local variations of Marcellus Shale lithofacies, and consequentially, the lithofacies appeared overly continuous (column 1 of Figure 14) . The TGS and SIS algorithms, two common stochastic approaches for constructing models of categorical variables, require similar degrees of geologic supervision and computational overhead (Deutsch, 2002) .
The TGS algorithm is most effective when the lithofacies possess Gaussian distribution and a clear ordering of the lithofacies (Beucher et al., 1993; Allard, 1994; Emery and Cornejo, 2010) . The Marcellus Shale lithofacies were defined in terms of mineral composition and organic matter richness, and show an ordering of lithofacies. However, this ordering of Marcellus Shale lithofacies cannot be illustrated clearly in one dimension, which is generally defined by one quantitative parameter (e.g., percent clay or organic content) but could be represented in two or three dimensions ( Table 2 ). The TGS algorithm primarily handles one-dimensional ordering of lithofacies and loses power for higher-dimensional ordering. Compared with indicator kriging, the resulting model based on the TGS approach produced a more discrete distribution of Marcellus Shale lithofacies (column 2 of Figure 14) , especially for the less common lithofacies in wells (e.g., organic mixed shale, gray siliceous shale, and gray mixed shale lithofacies). Under the TGS model, the OSS lithofacies seemed to be most continuous and was generally bordered laterally by OMD lithofacies. The OMS lithofacies was dispersed along the boundary between OSS and OMD lithofacies, and seems to be a transitional lithofacies of OSS and OMD. The other Marcellus Shale lithofacies, as presented by the TGS algorithm, do not appear to conform to a welldeveloped geologic facies model, which may be attributed to the application of one-dimensional ordering not adequately representing the geologic complexity apparent with the two-dimensional ordering of lithofacies.
The SIS algorithm was derived from a sequential Gaussian simulation and direct sequential simulation through the use of the indicator approach for simulating categorical variables (Deutsch, 2002) . When the lithofacies lack a strong geometric pattern or a clear ordering, the SIS approach performs well in most geologic settings and has been widely applied in facies or lithofacies modeling. The Marcellus Shale lithofacies model constructed by SIS algorithm (column 1 of Figure 14) showed similar distribution trends of each lithofacies, with the model developed by indicator kriging. However, the SIS algorithm provides a better realization of local high-frequency lithofacies variations, and the lithofacies distribution of the regional Marcellus Shale model appears reasonable. Therefore, the SIS algorithm was selected to construct the 3-D Marcellus Shale lithofacies model in the . The plot shows the variograms in major direction (N40E); the blue-filed ellipse indicates the ratio of the major range (the long axis) to the minor range (the short axis) and the direction of the major range. The horizontal axis is lag (separated distance), and its unit is foot; the right vertical axis is the number of paired data used for statistics; the blue line indicates the parameters set for lithofacies modeling. OSS = organic siliceous shale; OMS = organic mixed shale; OMD = organic mudstone; GSS = gray siliceous shale; GMS = gray mixed shale; GMD = gray mudstone; CARB = carbonate interval.
are used to investigate their distribution laterally (Figures 15-17 ).
UNCERTAINTY EVALUATION: COMPARISON OF PREDICTED LITHOFACIES BY CORE AND PULSED NEUTRON SPECTROSCOPY TRAINING DATA SET
Quantification of variation or uncertainty is not an inherent feature of descriptive lithofacies, reservoirs, or their properties, but it is inevitable because of the lack of complete knowledge in the construction of lithofacies and reservoir models (Yarus and Chambers, 1994; Deutsch, 2002) . A typical approach to uncertainty evaluation in modeling is to generate numerous stochastic realizations from the same lithofacies and reservoir property input data set (static) and, if possible, numerous flow simulations with production data (dynamic). The presence of two training data sets derived independently from core data (primarily XRD and TOC) Figure 14 . Marcellus Shale lithofacies geocellular models constructed with (1) indicator kriging, (2) truncated Gaussian simulation, and (3) sequential indicator simulation. Each lithofacies model was visualized in three-dimensional grids with map view on the top of the Oatka Creek Member (A) and the Union Springs Member (B), and in cross sections (C). Although local variations were pronounced, the regional distribution of modeled lithofacies for the Marcellus Shale was similar with all three geostatistical approaches. Geocell dimensions are scaled at 108 layers ranging from 0 to 3 ft (0-1 m) vertically and 1500 × 1500 ft (460 m) horizontally, and are coded by lithofacies: organic siliceous shale, red; organic mixed shale, dark blue; organic mudstone, brown; gray siliceous shale, orange; gray mixed shale, green; gray mudstone, gray; and carbonate, light blue.
and PNS logs provides another approach in evaluating the uncertainty of shale lithofacies modeling.
The uncertainty of the proposed lithofacies model for the Marcellus Shale is primarily the cumulative uncertainty of the available input data and the associated primary interpretation, the prediction of lithofacies at the well scale, the upscaling of lithofacies, the soft constraints provided by 3-D structural model, and the selection of modeling algorithms. Commonly, core-defined lithofacies constitute the training data set for lithofacies prediction with the associated suite of borehole conventional logs. It is relatively difficult to completely evaluate the effect of training data set on uncertainty. We have compiled two training data sets (i.e., core data and PNS logs) and applied them independently to develop two neural network classifiers for predicting Marcellus Shale lithofacies using conventional logs, which provide an opportunity to analyze the uncertainty using two related, but different, training data sets.
The proportion of lithofacies directly classified on the ternary plots using core and PNS provides the training data sets (Figures 4; 5; 18A, B) . The proportion of lithofacies are similar as predicted by the 3-D models generated using the conventional logs independently from the core data and PNS log training data sets at three different scales from the well scale to upscaled lithofacies covering the entire Appalachian Basin and may provide insights into depositional processes and sequence stratigraphy (Figures 18-21) .
Compared to the two training data sets, especially the core training data set, conventional logs seem to overestimate the proportion of OMS and GMS lithofacies and correspondingly underestimate OSS and GSS lithofacies (Figure 18 ). Two possible reasons are observed. One reason is geographic sampling bias. The core data and PNS logs were concentrated in southwestern Pennsylvania and northern West Virginia, whereas the carbonate-rich lithofacies is more prevalent in the wells in northeastern Pennsylvania (Figures 15-17) . Another reason can be the strong effect of pyrite on conventional logs (Wang and Carr, 2012b) . The high density and photoelectric factor of pyrite can result in the misclassification of quartz to calcite and dolomite using conventional logs.
Selection of random initial weights and bias to generate realizations using the same neural network model resulted in variations in lithofacies proportions. The effect of initial weights and bias was relatively small but, in many cases, was bigger than the difference of lithofacies proportion predicted using the different training data sets (Figure 19 ). Without the reference from a different training data set, it is rarely possible to evaluate the precision of generated realizations. However, the overall stability of the predicted lithofacies models using distinct training data sets, different neural network models, and different scales provides some confidence that models appear to have validity and possible use. Table 1 . **TOC = total organic content; OSS = organic siliceous shale; OMS = organic mixed shale; OMD = organic mudstone; GSS = gray siliceous shale; GMS = gray mixed shale; GMD = gray mudstone; CARB = carbonate.
DISCUSSION
The ANN log-predicted lithofacies trained with core data and PNS logs provide a large number of constraint points that can be used to build a 3-D lithofacies model of the Marcellus Shale across the Appalachian Basin. The 3-D geocellular model can reconcile available hard and soft data into a numerical model, providing a quantifiable overall view of this unconventional reservoir. The use of two different training data sets provides an approach to evaluate the uncertainty of predicted lithofacies. The resulting lithofacies realizations show a high degree of stability at scales from the single wellbore to the regional basin scale. We used the Marcellus Shale 3-D lithofacies model to investigate the distribution of each lithofacies at the wellbore and at the basin scale, better understand the vertical and areal distribution of organic matter and contribute to improve the depositional model of marine organic-rich mudrock, assist in the design of horizontal drilling trajectories and location of stimulation activity by identifying intervals of organic-rich and brittle units, and provide input parameters for the simulation of gas flow and production in mudrock (e.g., porosity, permeability, and fractures). For the last 8 yr, Marcellus Shale exploration and development activity has increased significantly with drilling of more than 12,000 horizontal and vertical wells, resulting in a rapid increase in shale gas production. Average monthly Marcellus Shale gas production for the first 6 months of production for 1864 horizontal wells drilled between 2004 and 2011 in West Virginia and Pennsylvania indicates two core areas of gas production (Figure 22 ). One area is in north-central West Virginia and southwest Pennsylvania, and the other is in northeastern Pennsylvania. These regions of higher Marcellus gas production show a strong relationship in multiple realizations, with an increased thickness of modeled composite organic-rich lithofacies (OSS, OMS, and OMD) and composite brittle lithofacies (OSS, OMS, GSS, and GMS) predicted by the 3-D lithofacies models using either the core training set or the PNS training set (Figures 20, 21) . The area of generally lower production located in central Pennsylvania shows a thinner isopach of composite organic-rich and brittle lithofacies predicted Figure 18 . Relative proportions of Marcellus Shale lithofacies defined directly by ternary plots of core data (A) and pulsed neutron spectroscopy (PNS) logs (B) compared to proportions of predicted lithofacies from conventional log suites at multiple scales using the core training data set (C) and PNS log training data set (D). In panels C and D, orange column: the predicted lithofacies in wells; green column: upscaled lithofacies in cells penetrated by wells; purple column: lithofacies in all the three-dimensional cells. OSS = organic siliceous shale isopach. OMS = organic mixed shale isopach; OMD = organic mudstone isopach; GSS = gray siliceous shale isopach; GMS = gray mixed shale isopach; GMD = gray mudstone isopach; CARB = carbonate isopach.
isopach (OSS). (B) Organic mixed shale isopach (OMS). (C) Organic mudstone isopach (OMD). (D) Gray siliceous shale isopach (GSS). (E) Gray mixed shale isopach (GMS). (F) Gray mudstone isopach (GMD). (G) Carbonate isopach (CARB). (H)

by the same 3-D lithofacies models (Figures 20, 21) . This area in central Pennsylvania is also an area where the lower Marcellus Shale unit (Union Springs Member) is thinner (Figure 1 ). In general, the lithofacies modeling at the regional scale may provide some geologic and engineering insight into variations in the productivity of the Marcellus Shale in the Appalachian Basin. Although not an unexpected result, it appears that, for the Marcellus, both gas in place and reservoir response to stimulation are critical factors in well productivity. We believe that, in areas such as the Appalachian Basin, with an abundance of wells with conventional logs, these critical unconventional reservoir parameters can be quantifiers and mapped with models based on petrophysical responses.
In addition, at a smaller near wellbore scale, variations in lithofacies seem to be significant. Although the horizontal scale (1500 ft [457 m]) is not designed for geosteering, a vertical panel extracted from the 3-D lithofacies model shows the importance of understanding the vertical and lateral distributions of lithofacies for the design of horizontal drilling trajectories and location of stimulation activity (Figure 23 ). The regional model could be readily adapted at a finer scale with detailed control provided by 3-D seismic data.
Deposition and accumulation of an organic-rich mudrock is a complex process controlled by the interaction of terrigenous sediment setting rate, sediment dilution, organic matter productivity, and organic matter preservation and decomposition Figure 19 . Fence diagrams showing the similarities and differences of Marcellus Shale lithofacies models based on core-predicted Marcellus Shale lithofacies (A) and three realizations of pulsed neutron spectroscopy-predicted lithofacies (B-D). The fence diagrams were zoomed into Pennsylvania to better display details of Marcellus Shale lithofacies. Geocell dimensions are scaled at 108 layers ranging from 0 to 3 ft (0-1 m) vertically and 1500 × 1500 ft (460 m) horizontally. Cells are coded by lithofacies: organic siliceous shale, red; organic mixed shale, dark blue; organic mudstone, brown; gray sileous shale, orange; gray mixed shale, green; gray mudstone, gray; and carbonate, light blue. (Sageman et al., 2003; Arthur and Sageman, 2005; Aplin and Macquaker, 2011) . Given a similar source area, the sedimentation rate in the basin is primarily influenced by the distance from the shoreline and the bathymetry of the seafloor (Figure 24 ). Continued subsidence and compaction creates Figure 20 . Isopach maps of the composite organic lithofacies (organic siliceous shale, organic mixed shale, and organic mudstone isopach) predicted by the three-dimensional lithofacies models using the core training set (A), and multiple realization using the pulsed neutron spectroscopy training set (B-D). All realizations show similar patterns, but areas of relatively thick organic-rich lithofacies are located in the areas of north-central West Virginia-southwest Pennsylvania and northeastern Pennsylvania and south-central New York. The blue lines indicate the Marcellus outcrops, and the contour interval is 10 ft (3 m).
accommodation space, resulting in the thickest accumulation of the Marcellus Shale on the eastern margin of the Appalachian Basin (Figure 11 ).
The organic-rich OSS lithofacies displays a crescent shape crossing the entire basin from northeast to southwest, which is slightly basinward and Figure 21 . Isopach maps of the composite brittle lithofacies (siliceous shale, organic mixed shale, gray siliceous shale isopach. and gray mixed shale isopach) predicted by the three-dimensional lithofacies models using a core training set (A), and multiple realization using a pulsed neutron spectroscopy training set (B-D). All realizations show similar patterns, areas, or relatively thin brittle lithofacies and are concentrated in west-central Pennsylvania. The blue lines indicate the Marcellus outcrops, and the contour interval is 10 ft (3 m).
approximately parallel with the depositional patterns as defined by the isopach maps of the Onondaga and Purcell limestone units (Figures 14A,  B; 15A; 16A; 17A). In the Oatka Creek Member, the OSS lithofacies was deposited mainly in the junction of Pennsylvania, West Virginia, and Ohio, and secondary in northwestern Pennsylvania and middle New York (Figures 14A, 15A) . The local breaks of the organic-rich OSS crescent resulted from the lack of organic matter and thus were rich in GSS. In the Union Springs Member, the crescent of OSS lithofacies is more clear and continuous with similar thickness, but with a higher percentage of the unit thickness ( Figures 14B, 16A ). In addition, as shown in cross section ( Figure 14C ) and isopach maps ( Figures 15A, 16A) , the deposition center of OSS lithofacies moved toward the northwest from the bottom Union Springs Member to the top of the Oatka Creek Member, which could be explained by the effect of the basinward progradation of the units. This explanation can also be confirmed by the similar shifting of GMD lithofacies in the Marcellus Shale ( Figures 14C, 15F, 16F ). The GMD lithofacies in the Oatka Creek Member and Figure 22 . Bubble map of monthly average Marcellus Shale gas production (mmcf) for the first 6 months of production from horizontal wells in Pennsylvania and West Virginia overlain on the Marcellus Shale isopach of modeled composite organic-rich lithofacies (A) and the composite brittle lithofacies (B). The filled color and the radius indicate the values of average gas production; the lower color bar is for production data and the unit is mmcf/month; the upper color bar is for isopach maps. the Union Springs Member presented similar crescent shapes with OSS lithofacies, but the deposition center of GMD lithofacies was farther to the east.
The density of quartz is less than illite and chlorite; however, the far larger surface area and the special layer structure of clay minerals tend to absorb water, organic matter, and other clay minerals, which decrease the settling velocity. Therefore, the deposition center of quartz-rich shale lithofacies should be closer to the shoreline than the clay-rich shale lithofacies. However, the isopach maps in the Oatka Creek Member and the Union Springs Member demonstrated that the deposition center of OMD lithofacies was located to both the east and west of OSS lithofacies (Figures 14A, B; 15C; 16C; 17C). Several factors contributed to this difference, but the most important reason could be the source of quartz and the medium of transportation. The quartz could come from terrigenous clastics or marine biogenic detritus, and the terrigenous clastics could be transported by fluvial or eolian systems. With regard to the organic-rich shale, the eolian transportation of terrigenous quartz and the marine biogenic quartz in situ are believed to be a more important factor than the fluvial transportation of terrigenous quartz. The trends of higher quartz concentration along with higher TOC content in Figure 4A also support the important function of marine biogenic quartz in organic-rich shale deposition. The clay minerals of OMD lithofacies to the east of OSS lithofacies were mainly transported by fluvial system; on the contrary, the western OMD lithofacies accept clay minerals by eolian transportation.
Compared to the other lithofacies, the carbonaterich lithofacies was more isolated, especially in the Oatka Creek Member (Figures 15B, E; 16B, E ; 17B, E). In the northeast of the Appalachian Basin, the OMS and GMS lithofacies became richer and continuous. Based on the isopach maps (Figures 15-17) and the 3-D view (column 3 in Figure 14) , the carbonate-rich lithofacies tends to be located basinward of the GMD lithofacies, where a progradational delta could form a high dip angle. The Figure 24 . Conceptual cross section of foreland basin showing the variation of sediment setting rate, organic matter productivity, and organic matter preservation and decomposition perpendicular to the shoreline (modified from Arthur and Sageman, 2005) . The two arrows indicate the water-column mixing resulting from upwelling and ocean currents. The organic matter productivity includes primary bioproductivity in situ and transportation of organic matter from surrounding areas; the sediments could come from terrigenous clastics and marine biogenic detritus; sediment burial degree indicates the preservation potential of organic matters, which is related to sediments and hydrodynamic energy; organic matter decomposition is associated with oxidation and microbial activity.
summed isopach maps of the three organic-rich lithofacies (OSS, OMS, and OMD) illustrate that the content of organic matter was high in northern West Virginia, southwestern and northern Pennsylvania, and southeastern New York (Figures 15H;  16H ; 17H). The natural gas in place should be higher in these areas, if the maturity was similar. The OSS, OMS, GSS, and GMD lithofacies contained more quartz and limestone, so the shale was more brittle than clay-rich shale. These four lithofacies were added together to make up the brittle lithofacies in the Appalachian Basin (Figures 15I;  16I; 17I) . Compared to the organic-rich lithofacies, the brittle lithofacies was more centralized in the central and eastern Appalachian Basin. For example, in southwestern West Virginia and northeastern Ohio, the Marcellus Shale showed an increase in organic richness but was more ductile because of the high clay concentration, so it is more difficult to stimulate production to yield high production rates.
SUMMARY
• Marcellus Shale lithofacies can be defined from core and PNS logs in terms of mineral composition and organic matter richness, clay percentage, the ratio of quartz and carbonate, and TOC content. These parameters are the three key criteria for recognizing and defining seven Marcellus Shale mudrock lithofacies.
• The artificial neural network using two independently derived training data sets from core data and PNS logs was used to predict Marcellus Shale lithofacies through the abundant conventional logs available across the Appalachian Basin. In place of unmodified log data, petrophysical analysis was used to derive eight normalized parameters as the input variables form the ANN and reduce local effects of the wellbore environment and the variable presence of minerals with strong petrophysical effects such as pyrite and barite.
• Regional and local faults were interpreted from the integration of well logs, contour maps of subsea elevation of formation tops, and 3-D seismic data. A regional 3-D structural model was built as the framework to constrain the Marcellus Shale 3-D lithofacies model. • Sequential indicator simulation with a suitable variogram model of each lithofacies performed well for the stochastic modeling of Marcellus Shale lithofacies. Two-dimensional ordering of Marcellus lithofacies using relative quartz to clay and organic richness resulted in TGS not being as effective as lithofacies modeling.
• The distribution of Marcellus Shale lithofacies seems to be strongly influenced by a complex interaction of sediment dilution, organic matter productivity, and organic matter preservation and decomposition. This is illustrated by the crescent shape and offshore position, which parallels the inferred Marcellus shoreline in the eastern Appalachian Basin.
• The two different kinds of ANN models (or classifiers), trained by core-and PNS-training data sets, respectively, generated very similar results for the 3-D geocellular model of Marcellus Shale lithofacies at multiple scales from the wellbore to the small regions of the basin.
• At the basin scale, the distribution of gas production from the Marcellus Shale shows a strong relationship to multiple realizations showing a thicker isopach of composite organic-rich lithofacies (OSS, OMS, and OMD) and composite brittle lithofacies (OSS, OMS, GSS, and GMS) predicted by the 3-D lithofacies models. Local 3-D lithofacies models of the Marcellus Shale constrained with sufficient data may be helpful for designing the trajectory of horizontal wells and placement of hydraulic fracturing in shalegas exploration and production.
